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Abstract 
The electromyogram has numerous applications in engineering and science. One specific 
application is to model a system for the torque generated by the elbow joint. This application has 
been long studied and applied in controller designs for artificial prosthetics limbs. Previous 
research had shown that nonlinear and multiple channel whitened EMG signal models gave the 
best EMG to torque estimates compared to linear un-whitened models. This thesis describes the 
methodologies for predicting the torque into the future up to 1 second. Four specific types of 
finite impulse response models (linear and nonlinear, single channel un-whitened and multi-
channel whitened) are compared based on the EMG-based predicted torque and the actual torque. 
The errors were measured as the difference between actual and predicted torque. It was observed 
that the error was mostly constant at the minimum error value between 0 and 80 ms for all four 
models, with the lowest error being 5.48 % maximum voluntary contraction (MVC) flexion. 
Further comparison was performed between different lower order models and a Butterworth 
second order model for predicting torque ahead in time. Such models are common in the 
literature.  
This thesis separately investigates the effect of band limiting the whitened EMG signal 
and using the advanced EMG processors for estimating the torque. Whitened EMG data were 
passed through a low pass filter with selectable cutoff frequency from 2048 Hz down to 20 Hz to 
limit the whitened band width. It was observed that the error was not significantly different for 
bandwidths down to approximately 400–600 Hz, grew gradually as the band width further 
decreased to 200 Hz, beyond which the error increased sharply. It can be inferred that for this 
particular study consisting of lower contraction levels, there is no significant power usable for 
whitening in the EMG signal at higher frequencies, providing an opportunity for lower sampling 
rate, effective noise suppression, better signal to noise ratio and implementation of low cost 
electrodes.  
This research work lead to two conference paper publications at the 2013 IEEE 39th 
Annual Northeast Bioengineering Conference. Two journal papers are in the writing and 
preparation stage which will be submitted after their completion. 
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Chapter 1: Introduction 
Background Introduction 
This research continues past research conducted at WPI and throughout the world, 
focusing on modeling human elbow torques. A simple model of the elbow is studied in which the 
electrical signals generated by the biceps (flexion) and triceps (extension) muscles are related to 
joint torque during constant-posture, force-varying contractions. Applications of EMG signal 
processing is an ongoing area of research with a long history; however due to the complex nature 
of human physiology, it still remains an active area of research. One significant application is 
estimating the torque generated from EMG signals, which is applicable to control of artificial 
prosthetic limbs [1], orthotics control, and virtual environment applications (e.g., head mounted 
displays [2]). These applications provide us with a motivation to develop models that can 
estimate the torque generated via observation of the EMG signal. In particular, each of the above 
applications would benefit if EMG could be used to estimate the torque that will occur a few tens 
of milliseconds into the future. Doing so would provide better control of these various 
mechanisms based on EMG muscle signals.  
It has been long known that movement of the human body exhibits a combination of 
electrical and mechanical properties. For example, elbow movement can be defined by the 
simultaneous mechanical contraction and extension of those muscles that cross the elbow joint, 
including the biceps and the triceps muscles. Figure 1 shows a simple mechanical model of 
human elbow movement with the shoulder fixed. The overall torque can be represented as the 
absolute difference between the torque generated by the flexion and extension muscles.  The 
mechanical movements are initiated by electrical firing of different motor units within each 
muscle—hence these contractions exhibit electrical activation that can be recorded at the surface 
of the skin.  
 
Figure 1 : A simple mechanical model of human elbow [Clancy, 1991] 
The surface electromyogram (EMG) is the recording of the electrical activity of the 
skeletal muscle at the surface of the skin. Figure 2 shows a general model of surface EMG signal 
generation at the motor unit (MU) level. Each motor unit firing can be viewed as the output of 
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the pulse shaping filter with the input modeled as a random time-varying Dirac delta impulse 
train. The EMG signal is the sum of these time-varying individual firings. At the surface of the 
skin, many motor units are viewed by the electrodes, so individual spikes are not distinguishable.  
 
Figure 2 : Individual motor unit firing [De Luca, IEE Trans Biomed Eng., 1979] 
Figure 3 shows the triceps (extensor) muscle EMG recorded at the surface of the skin. 
The surface EMG signal can be modeled as an amplitude varying random signal with zero mean. 
The effort level produced by the elbow is assumed to be coded in the time-varying standard 
deviation of the random signal. The figure shows the change in the amplitude of the random 
signal with decrease in effort level as time progresses.  
 
Figure 3 : EMG signal amplitude vs effort level [Clancy, 1991]  
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Figure 4 shows a general breakdown of the overall EMG to torque estimation. It is 
divided into three distinct segments: Data Acquisition, Signal Pre-processing and System 
Identification. Both parts of this research project have the same signal processing steps for EMG-
torque estimation, with slight variations in the signal Pre-processing stages and the System 
identification stage. The raw flexion and the extension EMG signal are processed separately to 
estimate their individual torques, and finally the overall torque is estimated as the difference 
between the two individual torques. In the figure, SF and SE are the standard deviation estimates 
(EMGσ) of the flexion and extension EMG signals.    
 
Figure 4 : EMG-Torque Estimation Model 
Data Acquisition  
Experimental data consisted of 54 subjects (30 male and 24 female) from three distinct 
experiments with identical setup for the collection of data utilized in this project.  Figure 5 shows 
the basic diagram for data collection setup. Subjects were seated with their shoulder securely 
fastened at 90
 
degrees. Four active bi-polar electrode amplifiers were placed transversely across 
the biceps and the triceps muscle separately. The wrist was cuffed with a load cell 
(dynamometer) for recording the actual torque generated by the elbow. Subjects performed 
various torque varying-contractions tracking a 1 Hz bandwidth random target that was displayed 
on a computer screen shown in Figure 5. A total of 30 seconds of data were collected. The EMG 
signals were sampled at 4096 Hz with a 16 bit resolution analog to digital converter. More on 
data collection is described in Appendix A. 
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Figure 5 : Data collection setup [Clancy, IEEE Trans Biomed Eng, 1999] 
Signal Pre-Processing 
Figure 6 shows the general block diagram for the signal pre-processing stages involved in 
the EMG signal estimation. Both the flexion and extension EMG signals are processed 
separately. Also, for multiple channel signals, each channel was processed individually.  
 
Figure 6 : Signal Pre-processing stages block diagram 
Power Line Notch filter 
 Figure 7 shows the power spectral density for one of a randomly chosen EMG signal. It 
can be observed that there are several large magnitude spikes. Close examination of these 
frequencies showed that these spikes were a result of 60 Hz power line harmonics. Second order 
IIR notch filters were implemented to remove the power line interference. More detailed analysis 
of power line notch filtering and the frequency selection is explained in Appendix C. 
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Figure 7 : PSD of raw and filtered EMG data with power harmonic spikes 
Adaptive Signal Whitening 
It has been shown that adaptive whitening improves the EMG estimates [5]. Whitening a 
signal distributes the power evenly across the entire bandwidth for a band limited signal, de-
correlating the signal in time domain. Implementation of whitening also increases the statistical 
bandwidth of the signal, which makes the approximation of standard deviation more accurate. A 
de-correlated EMG signal is essential in the system identification stage where the optimal 
performance models can be designed which are based on individual contributions of the 
estimated EMGσ samples. Figure 8 shows whitening in the time and frequency domains for one 
EMG signal and its whitened signal. It can be seen that the power spectral density of the 
whitened signal is comparatively flat. 
 
Figure 8: PSD and raw EMG signal before and after whitening  
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The adaptive whitening algorithm [5] implements a fixed whitening filter followed by an 
adaptive low pass FIR filter to reduce the gains for the high frequency noise. Figure 9 shows 
example time domain and the frequency domain plots of a fixed whitening filter. It can be 
observed that the whitening filter applies the inverse power estimate of the incoming raw signal. 
 
Figure 9: Whitening filter [Clancy and Hogan, 1994] 
 
Rectification and Spatially Channel Average 
 The overall torque generated by the elbow is the difference between the flexion and the 
extension torque. To estimate the difference between the torques generated, the whitened EMG 
from each electrode is rectified. For multiple channel inputs, all the channels are averaged to 
produce an equivalent single average of flexion and (separately) extension EMGσ.  
Low-pass filter and Decimation 
 The rectification that was done in the previous stage changes the mean of both the 
extension and flexion EMG signals which is no longer zero. The signal information is now 
contained in the time-varying mean of the signal. The power of the signal is mostly concentrated 
below 16 Hz. All the higher frequency content contributes noise. Also, the high sampling 
frequency does not serve any benefit, so both the flexion and extension EMGσ signal are down-
sampled to a frequency of 40.96 Hz. A low pass anti-aliasing filter is applied with cutoff 
frequency at 16.8 Hz for down-sampling of the signal. The lower sampling frequency also 
decreases the memory requirements for the system identification filters that are implemented in 
the following stages.  
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 Start-up Transient Removal 
 The signal pre-processing stages have implemented three separate filtering operations: 
power line notch filters, adaptive whitening filters and the decimator low pass filter. After visual 
inspection of the impulse response of these filters individually, a collective total of 2 seconds 
were removed as start-up transients from the 30 seconds of data. 
System Identification  
Figure 10 shows the general overview of the system identification modeling. The system 
identification involves training of the unknown system and then testing the performance with a 
different data set. Flexion and extension EMG estimates from the previous section are the inputs 
to the system and the known actual torque is the output, which is measured directly during the 
data collection stage. For this research, two models are implemented: Finite Impulse Response 
(FIR) filter models which require estimating the filter coefficients and second order Butterworth 
filters at cutoff of 1.5 Hz which requires estimating gains of the filter.  
 
Figure 10 : Training and tesing for unknown system 
After training the system, a different data set is chosen which estimates the flexion and 
extension EMG signals following the procedure described above. Based on the trained model, 
output torque is estimated. By using the future values of actual torque during training, we train 
the system to predict the torque ahead in time during testing. 
For this research work, we have focused mostly on four different EMG-torque processors 
based on two system identification models (linear and non-linear) and two signal processing 
methods (multiple channel whitened and single channel un-whitened). These four models are 
referred to as advanced EMGσ processors [3] throughout the paper. It has been shown that 
advanced EMGσ processors which implement multiple channel adaptive signal whitening 
techniques [5] produce better torque estimates based on the flexion and extension EMG signals. 
In creating system identification models, 54 seconds of training data (from two combined trials) 
were used and the resulting models were tested on distinct test data.  
This research was focused in two distinct areas of EMG-torque modeling which are 
described in the following sub-sections. The first part of this research work investigates FIR and 
Butterworth system identification models and the ability of EMG signals to estimate the torque 
generated by the human elbow up to 1000 ms ahead in time. The second part deals with the 
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investigation of the bandwidth requirement for whitening the EMG signal. For both areas of 
research, previously collected data from 54 subjects were available, which is described in detail 
in Appendix A. 
EMG- Torque Estimation at Future Times with FIR and Butterworth models 
  This area of research (Chapter 2 and Chapter 4) was focused on estimating human elbow 
torque ahead in time, using the EMG signal and advanced EMG processors [3]. It has been 
shown that the peak of the EMG signal precedes the peak force [4] produced by approximately 
40–100 ms. The applications described in the earlier section require estimating the torque ahead 
of time for implementing better control mechanisms. Some of these applications have focused on 
developing models that take account of electromechanical delays in EMG-torque modeling [1, 
2], but those works were focused on use of a fixed delay. In our research work, we have been 
able to show that advanced EMG processors are capable of self-adapting to the delays that are 
introduced in other types of processors.   
Most commercial EMG-torque applications, including prosthetics and biomechanical 
modeling, apply a second order Butterworth filter with gain calibration in order to model the 
torque based on the processed EMG signals (with delay added, in some cases). A comparison of 
optimized FIR vs. Butterworth models were evaluated in this research. We optimized our FIR 
models by fitting their entire response (magnitude and phase) to calibration data. The resulting 
FIR models exhibited characteristics of a low pass filter with cutoff frequency in between 1 to 2 
Hz. This cut-off frequency (1.5 Hz) was chosen for the Butterworth system identification model. 
The lowest error obtained was for a nonlinear, four EMG channel model, which exhibited 
an average error (across the 54 subjects) of 5.48% maximum voluntary contraction (MVC) 
flexion. For all the four FIR models (linear and nonlinear; single channel un-whitened and four-
channel whitened), it was observed that the error was not significantly different between 0 ms to 
approximately 80 ms.  
Nine different order FIR models were investigated starting from 3
rd
 to 25
th
 order. The 
lowest model (order =3) exhibited a decrease in error as the prediction time increased from 0 ms 
to about 80 to 100 milliseconds (see figures in the journal paper draft), after which the error grew 
quite large. As the model order was increased, the error between 0 ms and 80 ms became flat, at 
a level below the order 3 model.  Again, the error climbed after a prediction time of 80–100 ms. 
Model performance for orders greater than or equal to 15 did not differ. Similar results were 
observed for the single channel un-whitened model. Hence, the low order models were optimum 
only at one time location (in the range between 35 and 75 ms), but the higher order models were 
optimum over the complete time range from 0 to 80 ms. And, all errors associated with the 
higher order models were lower. 
To investigate this behavior, estimated torque and the actual torque were examined in the 
time domain for the lower model order at different anticipatory times. At a 0 ms prediction time, 
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the estimated torque shapes followed the actual torque; however they lagged the actual torque 
considerably. At prediction times beyond 100 ms, the estimated torque shapes were also a close 
match, but the estimated signal led the actual torque. It was inferred that implementing higher 
order models captures both magnitude and phase, whereas the lower order models could not 
properly model the phase response. The Butterworth model exhibited time-domain errors similar 
to the low order FIR models. Analysis of Variance testing was performed for statistically 
verifying the observed results.  
EMG-Torque Estimation with Band limited EMG Whitened Signal 
Most of the electrodes used for commercial application of EMG have a bandwidth of 
around 500 Hz. In this second research area, we used a sampling frequency of 4096 Hz for 
electrodes with a bandwidth of approximately 1,800 Hz. This research area was to investigate the 
performance changes in the estimated torque signal from the EMG signal when the bandwidth of 
the whitened EMG signal is limited to the frequency content requirement of the regular 
electrodes. More generally, we investigated the EMG-torque performance as a function of the 
bandwidth used in whitening. Bandwidth was restricted offline with a digital low-pass filter. 
A lower bandwidth requirement for EMG signal whitening would show that regular 
commercial electrodes could be used even for the advanced EMG processors, which in turn 
would save considerable cost associated with the general electrodes versus the specially build 
electrodes. Also, a lower sampling frequency could be used which can be a significant factor 
when implementing these algorithms and models in real-time operating hardware allowing more 
signal processing time between samples.  
The methods for obtaining EMG amplitude estimates were similar to the previous area of 
research work using the advanced EMG processors. The only difference was that after whitening 
the EMG flexion and extension signals, a low pass filter was applied to each in order to limit the 
power contribution at the higher frequencies. Thirty seven different cutoff frequencies were 
implemented for the study. A step size of 100 Hz was implemented in decreasing order from 
2000 Hz to 200 Hz, and after that a smaller step size of 10 Hz was chosen down to 20 Hz. Most 
of the EMG signal power extends out to 300–500 Hz, with a mode frequency that is typically 
near 100 Hz. Least squares modeling was implemented for the system identification, which was 
similar to the previous area.  
Results showed that there was no substantial change in the EMG-torque estimation error 
as the whitening bandwidth is progressively limited to about 400–600 Hz. A rapid decrease in 
performance occurred for bandwidths below 200 Hz. These results showed that for this type of 
experimental study, simpler electrodes can be used instead of custom wide-band electrodes. 
Previously, [5] had shown that utilizing the entire bandwidth (1,800 Hz) for whitening improved 
the performance of EMG processors. However, these prior results utilized higher contraction 
levels, which are known to have more power at all frequencies—including the higher 
frequencies. 
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Appendix A : Subjects used for the research 
 
LA Experiment: 
Subjects used:  01, 02, 03, 04, 05, 06, 07, 10, 13, 14, 15, 16, 17, 18, 19, 20, 21 
LB Experiment: 
Subjects used:   02, 03, 05, 07, 08, 09, 10, 12, 13, 16, 17, 18, 19, 20, 21 
WX Experiment: 
Subjects used:   01, 02, 04, 05, 06, 07, 08, 09, 10, 11, 12, 13, 14, 15, 17, 18, 19, 20, 22, 
23, 24, 25 
 
Table 1 : LA, LB, WX data 
 LA LB WX 
Total number of subjects 17 15 22 
Total number of female subjects 8 6 10 
Total number of male subjects 9 9 12 
Range of ages of female subjects 28-62 31-62 18-47 
                          mean 45.37 49 25.8 
standard deviation 13.02 12.4 11.30 
Range of ages of male subjects 18-65 23-65 18-56 
                          mean 41 49.3 25 
standard deviation 16.9 15.85 10.29 
Range of ages of total subjects 18-65 23-65 18-56 
                          mean 43.17 49.2 25.36 
standard deviation 14.92 13.62 10.50 
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Appendix B :  Noise in Torque of LA subjects 
 
The torque of LA subjects had noise spikes for all the trials used in this project (10, 12, 
15, 25, 45, and 65). Following figures (1-2) show these spikes for LA subject 01, trials 12 and 25 
(50% and 100% MVC respectively). 
 
 
Fig1 Plot of torque data of subject LA01 trial 12 (50% MVC) 
 
 
Fig2 Plot of torque data of subject LA01 trial 25 (100% MVC) 
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Figure 3a shows the plot of five seconds of torque data (trial 12) having 12 such spikes. 
The next two figures show enlarged views of one of these spikes. When closely observed, each 
of these noise spikes appeared as a repetitive, cluster of spikes ranging from 5ms to 8ms wide 
(figure 3b) and each of these spikes was observed to be as narrow as 0.8 ms (figure 3c). Hence 
two ranges of frequencies appear in the noise. The first one is the narrow spikes occuring at 
about 1250 Hz and the second is the lower frequency modulation that ranged from 160 Hz to 200 
Hz across all the LA subjects.  
 
 
 
 
Fig3  (a) LA torque data (trial 12),  (b) Enlarged  view showing the cluster of noise spike appearing in torque 
data (c) Enlarged view of each spike from one of the clusters 
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The torque is decimated in two passes in the later processing stages for the torque 
estimation and the decimation function uses an 8
th
 order Chebyshev Type I low pass filter. The 
cut-off frequencies used for the two passes are 163.84 Hz and 16.384 Hz.  Since the noise spikes 
can be filtered in these ranges, no extra filtering stage was used in order to filter the noise spikes. 
But it was observed that a type I Chebyshev filter with order that is an even number produced a 
slight DC shift 
( see: http://www.mathworks.com/support/solutions/en/data/1-2YWEQD/index.html?solution=1-
2YWEQD).  
 
Hence, performance of the decimation function was observed using odd number filter 
orders ranging from 5 to 11. The results looked better for higher orders i.e. 9 and 11. Also, there 
was no difference in the performance for the filter orders higher than 9. Hence the 9
th
 order  
Chebyshev filter was chosen in the modified decimate function. Figure 4 shows the first pass 
decimation stage results. Most of the high frequency content is filtered. However there is a slight 
time shift of about 6-10 ms. This is because Chebyshev filters exhibit phase delay.  
 
 
Fig 4 Plot of torque with noise and decimated torque with a time shift of ~6-10 ms 
 
As mentioned previously the noise is also in the lower range of 200 Hz, which requires another 
stage of filtering. This is evident from Figure 5 showing the torque data after the first pass 
decimation stage where some noise still exists. 
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Fig 5 Decimated torque after the first pass 
The second pass decimation function uses a cut-off frequency of 16.384 Hz which implies that 
most of the noise should be filtered out. Figure 6 shows the second pass decimation results. We 
can observe that all the noise has been removed and there is a time shift of about 50 ms. 
 Fig 6 Decimated torque after the first and second passes. 
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Appendix C :  Notch filtering for power line harmonics 
For the EMG anticipation research, we used subjects from three different experiments - 
LA, LB and WX. The power spectrum plots of the flexion and extension data showed huge 
spikes of width ranging from 0.6 to 1.5 Hz. Figure 1 shows spikes present in the power 
spectrum plot for extension data of subject WX19. 
 
 
       Fig1 Power spectrum plot of extension data - subject WX19 (channel 4, trial 53) 
 
The locations of these spikes were noted in a spreadsheet for each subject and each trial 
(100% MVC). It was observed that the frequencies at which they were present were consistent 
across all the subjects of the WX experiment
*
. These spikes appeared to be the power harmonics, 
present mostly at odd multiples of 60Hz. The locations (in Hertz) of the harmonics noted for one 
of the subjects (WX19, trial 53) are as follows: 
59.99, 780, 1019.9, 1139.9, 1259.9, 1379.9, 1499.9, 1619.9, 1739.9, 1859.9 [Hz]. 
           
We can observe that these frequencies are odd multiples i.e. 13, 17, 19, 21, 23, 25, 27, 29 
and 31 of 59.99Hz respectively. It should be noted that the power is not exactly at 60 Hz. It 
differs by a small amount due to inaccurate frequency of the ADC clock in the equipment, 
among other factors.  
 
For the LA subjects, the spike appeared at a single location i.e. at 1638.9 Hz around 0.5 
Hz bandwidth (refer Figure 2). This frequency is not a power harmonic and could be present due 
to some noise in the instrument.  
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LA subjects had noise spikes too, but were not present at the power harmonics. Ffor 
experiment LB, the harmonics were present for only a few subjects and was not consistent across 
all the subjects. There was also noise observed for LB subjects at random frequency points. 
 
 
      Fig2 Power spectrum plot of extension data - subject LA01 (channel 4, trial 25) 
 
In LB subjects, the spikes were present at random frequency locations and could be due 
to some noise in the equipment. A few of the LB subjects (3 to 4) showed the presence of power 
harmonics. 
 
Notch filters were used to remove the power harmonics/noise-spikes of varying width. 
Since multiple harmonics existed across each channel, a single cascaded second order IIR notch 
filter, of narrow bandwidths ranging 0.25 to 1.5 Hz was designed for each experiment. The 
bandwidths selected for the power harmonics located at different frequencies were as follows: 
Frequency range Width of notch filter 
1-500 Hz 0.25 Hz 
500-1000 Hz 0.8 Hz 
1000-1500 Hz 1.2 Hz 
1500-2048 Hz 1.5 Hz 
 
The numerator and denominator coefficients (b, a) were convolved as follows: 
b = b1 * b2 * b3 *…..* bn  
a = a1 * a2 * a3 *……* an  
where n is the number of harmonics to be filtered for each trial. 
 
38 
 
The resulting coefficients b, a are of that of a cascaded notch filter. The following figures 
show the power spectrum of filtered data for one of the subjects from each experiment i.e. LA, 
LB and WX. 
 
 
                                                                  Fig3 Notch filtered data for LA01 at frequency 1638.9 Hz 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
              
 
 
 
 
                      Fig 4 Notch filtered data for subject LB19 
Noise spikes other than power harmonics 
present at frequencies - 1757.8, 1784.3, 
1877.4 and 1997.3 Hz 
 
 
Power harmonics present at 59.97, 
299.8, 419.8, 539.6, 659.6, 779.5, 899.5, 
1019.4, 1139.3, 1259.2, 1379.1, 1499 Hz 
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Fig 5 (a) Notch filtered data for subject WX19 
(b) Enlarged view of the harmonics at frequencies – 1139.5, 1259.4 and 1379.4 Hz 
 
 
 
 
 
 
